This study uses a set of return-based factors to explore market (return and volatility) timing ability of commodity trading advisors (CTAs). Unlike previous research, we use return-based factors that are related to the futures markets in which most CTAs trade. This leads to higher explanatory power for our multifactor model. Our approach allows us to test for the presence of market timing in multiple markets. Accordingly, we are able to identify the markets in which CTAs may have market timing ability. We find that systematic CTAs are generally more skilled at market timing than discretionary CTAs, with the latter having slightly better overall risk-adjusted performance during our study period:
INTRODUCTION
The term managed futures represents an industry comprising professional money managers known as commodity trading advisors (CTAs) who manage We find that CTAs exhibit market return timing and volatility timing ability. More importantly, we find that CTAs are generally able to time the futures markets in which they claim to specialize. For example, the currency CTA index is found to display market timing skill in Euro-Yen futures market. Similarly, the financial CTA index displays the same skill in currency and fixed income markets, whereas the diversified CTA index displays market timing skill in multiple markets. On the other hand, the commodity CTA and stock CTA indices display negative timing ability in some commodity and equity markets. 4 The estimated coefficients of return timing are economically significant as well, for example, the systematic currency CTAs on average are able to generate 11.44% excess return when the returns from the Euro futures contracts increase by 1%.
We find that discretionary and systematic CTAs behave quite differently from each other. Our model has higher explanatory power for returns on systematic CTA indices, where the estimated as are significantly less than zero. Our model's explanatory power is lower when applied to discretionary CTA indices, and reports weaker timing ability for this class of CTAs. On the other hand, our estimated as for discretionary CTA indices are positive significant (the as do not appear to be economically significant though).
Market timing and security selection abilities are believed to represent macro-and micro-forecasting abilities of funds managers. However, when Jensen's a is used as a measure of security selection ability, it can assign negative performance to a market timer. Results appearing in Jensen (1972) , Admati and Ross (1985) , Dybvig and Ross (1985) demonstrate that this is the case. Mamaysky, Spiegel, and Zhang (2008) show that a fund's a can actually be decomposed into a portion due to successful market timing and another portion due to transaction cost. Therefore, a fund's estimated a may become negative in the presence of significant market timing ability. We confirm this with our CTA sample: as relevant factors are added to the modeling process and more of the variability in CTAs' returns is explained by positive market timing ability, we observe that the intercept (a) changes from significant positive to insignificant, and even to significant negative. However, as discussed below, unlike mutual funds, the estimated negative as of CTAs cannot be attributed to their lack of security selection skills.
As most CTAs do not invest in individual securities, the concept of security selection does not readily apply to them. The set of return-based factors that we use in this study covers a significant part of the investment universe considered by most CTAs. Although in the context of hedge funds and mutual funds the estimated value of a is typically assumed to be driven by security selection ability or lack of it, we speculate that in the context of CTAs the estimated 4 We notice that the explanatory power for commodity CTA index is very low (negative adjusted R 2 value) and that there are very few commodity CTAs and stock index CTAs in the live CTA universe. (Table I , Panel A).
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values of the as are affected by other factors. For example, CTAs and especially discretionary CTAs may change their factor exposures more frequently than the monthly frequency that returns are reported to public databases. This lack of synchronization between trading frequency and observation frequency could lead one to obtain a significant estimate for security selection ability or market timing ability when none exists (see Goetzmann, Ingersoll, & Ivkovich, 2000) . The other potential reason for obtaining negative estimated as is the presence of fees and transaction costs. We use net-of-fees CTA returns and if market timing abilities of CTAs are not sufficient to cover both asset management and incentive fees, the effect would appear as a negative value for our estimated as. Also, our futures return-based factors represent returns to rolling positions in futures contracts. When calculating the returns to these rolling strategies, we do not account for transaction costs. This should have very little impact on the estimates of factor exposures and market timing ability, but will have an impact on the estimates of a.
For robustness test, we run the same timing test for individual CTAs, and obtain results that are similar to those reported for CTA indices. Between onehalf and one-third individual CTAs possess significant timing ability and it is almost always positive timing ability. On the other hand, most of these CTAs possess negative significant as. We then employ the Baquero, ter Horst, and Verbeek (2005) procedure to adjust our CTA indices for survivorship bias and apply the same timing test to CTA indices constructed with the adjusted CTA return series. The results appear to be weaker but still significant at conventional levels, showing that CTAs do exhibit market timing ability.
The study is organized as follows: section "Data" describes the CTA return data and risk factors; section "Methodology" discusses our methodology; section "Empirical Results" presents empirical results from various market timing models with different factors; section "Robustness" conducts robustness tests and the last section concludes.
DATA

CTA Data
Our data come from the CISDM database, 5 with monthly, net-of-fees returns, AUM, and information on other fund characteristics, such as fund inception date, self-declared strategy of the fund, as well as the name of the management company. CISDM began keeping record of defunct funds in December 1993. Thus, to minimize survivorship biases, we include only CTAs that have return for our sample is over $64 billion and accounts for 72.12% of the CTA universe as of December 2004. Panel A of Table I reports summary statistics for our  sample. Next, we construct equally weighted indices of discretionary and systematic CTAs and use these indices to study the market timing ability at the aggregate level. All live and defunct funds are included in the construction of these indices, which should reduce the impact of survivorship bias (see Fung & Hsieh, 2000) . Fung and Hsieh (1997) point out that CTAs have option-like payoffs and that they perform rather well when market volatility spikes. We reproduce their plot of CTA returns in five states of world equity market in Figure 2 and observe that systematic CTAs plot quite differently from discretionary CTAs against the five states: discretionary CTAs are more positively correlated to equity indices, whereas systematic CTAs are negatively related to the same indices, performing the best when there are sharp drops in equity markets (when volatility spikes) and below average under normal market conditions. Plots the average return of 36 months in states 1-5. State 1 is the worst performing 36 months for MSCI World equity index, state 5 is the best performing 36 months for MSCI World equity index. State 2 is the second worst performing 36 months for MSCI World, state 4 is the second best performing 36 months for MSCI World, and state 3 is the rest 36 months.
6
There is a field in the database with self-reported information on the specialization market of each CTA.
7
The total AUM is calculated based on all live CTAs reporting to the CISDM database as of December 2004. Based on their self-declared strategies, there are mainly four different types of specialized markets for CTAs: currencies, commodities (physicals), financials (currencies and interest rates), and stock indexes. CTA managers who specialize in more than one of these four markets are classified as following a diversified strategy. Diversified CTAs dominate the CTA universe in terms of the number of funds and AUM. Financial and currency CTAs come next and commodity and stock index CTAs are the smallest groups. Panel A of Table I presents the distribution of the five categories of live CTAs. The distribution of the five categories 8 for all live discretionary and systematic CTA indices is provided in Panel B.
Factors
To explain fund returns, past studies have typically used the single-factor (market model), Fama-French three-factor, and Carhart (1997) four-factor models. However, none of these models seem to explain CTA returns well.
9 Fung and Hsieh (2001) propose a set of primitive trend-following strategy (PTFS) factors and use them to explain CTA returns. The PTFS factors 10 represent returns from investing in a portfolio of look-back straddles written on interest rate, currency, commodity, and stock index futures contracts. Fung and Hsieh (2001) show that the PTFS factors together with equity and bond market factors can significantly increase their model's explanatory power for trend-following funds.
Following Fung and Hsieh (2001) , we propose using factors based on returns from investing in the most popular futures contracts 11 to explain CTA returns and to detect their timing ability. Using returns from futures contracts as risk factors has several advantages:
• A model that can detect market timing in multiple markets, allows us to identify the markets in which a CTA has timing ability.
• Our proposed risk factors are based on heavily traded futures contracts and are highly liquid. Hence, we can avoid the problem that holding illiquid 8 CTAs that specialize in four individual markets and diversified CTAs that specialize in more than one of those markets. Fung and Hiseh (2001) point out that the explanatory power of traditional asset index factors for CTAs is quite low, with adjusted R 2 s no higher than in the teens and can even go below zero. The ineffectiveness is in contrast to other work on market timing of other money managers. For example, regression on HFR market timing hedge fund index using Carhart four-factor model yields an adjusted R 2 of higher than 0.50 in Chen and Liang (2007) . This implies that traditional factors are not appropriate for explaining CTA returns.
Journal of Futures Markets DOI: 10.1002/fut assets may lead one to obtain estimates of market timing when none exists (see Chen, Ferson, & Peters, 2008) . Panels C through E of Table I report the summary statistics of traditional factors, PTFS factors, as well as our proposed futures return-based factors. Panel F gives the correlation matrix for our proposed risk factors. With the exception of the correlation between the two stock index futures, FTSE100 and S&P 500, other estimates of correlations do not seem to lead to significant multicollinearity problems.
METHODOLOGY
Based on their self-declared strategies, we use risk factors constructed from relevant futures contracts to analyze each style of CTAs. For example, we use risk factors constructed from currency futures for currency CTAs, those constructed from commodities futures for commodity CTAs, and so on. For diversified CTAs, which account for about half of the CTA universe and trade in various types of markets, we use a step-wise regression to select relevant risk factors.
12
This factor-selection process ensures inclusion of relevant factors and helps build a parsimonious model.
Apply Market Timing Models to CTAs
Multi-market timing in returns
Treynor and Mazuy (TM) (1966) and Henriksson and Merton (HM) (1981) are the most widely used market timing models. In the TM model, managers with timing ability adjust their risk exposure to the overall market according to their forecast of the market return, leading to a convex relationship between the manager's return and the market return. Admati et al. (1986) develop an empirical test based on the TM model by assuming a CAPM framework. The HM model, however, does not need the assumption that CAPM holds. Merton (1981) and Henriksson and Merton (1981) model the economic value of timing as the payoff from a call option. A manager with timing ability chooses whether to invest in the market or hold cash based on his/her forecast of the excess market return being positive or negative.
Our study tests for market timing ability in CTAs using both TM and HM models, and expand them to model the presence of timing skills in multiple markets. One of the difficulties in modeling multiple market timing is that the number of parameters that need to be estimated could increase significantly.
12
The step-wise regression is conducted manually targeting the highest adjusted R 2 achieved from the regression. We remove redundant pairs of linear and nonlinear excess returns of risk factors to preserve the spirit of both TM and HM timing tests.
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To reduce the number of parameters, one may assume that there are no interactions between the timing of any two markets.
13 Aragon (2007) develops a multi-market timing version of the HM model with two alternative specifications and applies them to mutual funds. His first specification assumes that managers choose markets with positive excess returns, 14 where the timing signal can be written as S j,tϩ1 ϭ max(F j,tϩ1 , 0), in which F j,tϩ1 represent the time t ϩ 1 value of factor j. His second specification, however, states that the manager is able to detect the best-performing market (with positive excess returns) and maximize his/her risk exposure to it. Consistent with this specification, the timing signal should be written as S j,tϩ1 ϭ max(max(F 1,tϩ1 , F 2,tϩ1 , . . .), 0). We adopt both specifications in our study.
Suppose the return of a CTA is generated by a multi-factor model. In our setup, the factors are buy-hold-roll returns from futures contracts. The CTA manager adjusts his/her exposure to these factors based on his/her signal. The fund manager observes the signal,S j , with a noise term: S j,tϩ1 ϭ F j,tϩ1 ϩ e j,tϩ1 for the TM model and S j,tϩ1 ϭ max(F j,tϩ1 , 0) ϩ e j,tϩ1 or S j,tϩ1 ϭ max(max(F 1,tϩ1 , F 2,tϩ1 , . . .), 0) ϩ e j,tϩ1 for the HM model specifications (I) and (II). The following equations are the bases for our empirical tests:
(1) (2) Equation (1) describes how a CTA manager determines his/her exposure, b j , to the observed signal, whereas Equation (2) describes the return process of this CTA. The noise term e j,tϩ1 of the timing signal is assumed to be uncorrelated with j,tϩ1 or v j,tϩ1 , the error term in (1) and (2). The above expressions describe a multi-market timing scenario for the CTA manager, where the coefficient g evaluates the market timing ability of the manager: Whether we use the TM model or the HM model, a successful market-timing manager is able to increase exposure to factors with positive expected return and decrease exposure if the opposite is true. This creates a convex relationship between the fund's return and the betterperforming factors (i.e., the estimated g should be positive). Fung and Hsieh (2001) show that the payoffs from trend-followers can be replicated with a look-back straddle and present evidence for volatility timing
Volatility timing
We are cautious about this assumption here, especially for the application in the TM model, as currencies and physicals could assume independent return pattern, but stock indices and financials may not. Hence, we focus on discussing results in the applicable cases. For the HM model, however, it should be of less concern to assume the independency.
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15 Busse (1999) analytically shows that a fund manager who is able to time the market volatility reduces market exposure when he/she forecasts an increase in market volatility. Busse (1999) applies the following model to a group of mutual fund managers:
In Equation (3), F j are risk factors and s m,tϩ1 is market volatility. Busse (1999) estimates s m,tϩ1 with conditional volatility models (EGARCH) and finds that mutual fund managers have volatility timing ability. Chen and Liang (2007) use two proxies for market volatility, namely the implied volatility (VIX) and the realized market volatility and find significant evidence that certain hedge funds are able to time the stock market volatility, especially in bear markets. They use the following model: (4) where s m,t are end-of-month VIX and is the overall mean for time series of VIX.
Before we can test for volatility timing of CTAs, we need to select the market volatility benchmark that is used in the test. Should it be the volatility in various futures markets or a proxy for the equity market volatility (VIX)? Stock market volatility is often used as a proxy for volatility in financial markets. On the other hand, because managers trade various futures contracts, it is intuitive that these futures markets volatility be used as a benchmark for timing. We investigate this issue empirically. To detect volatility timing ability in the specialized markets, we use the following specification:
The volatility measure used in Equation (5) is realized monthly return volatility calculated from daily returns of relevant futures contracts. If CTAs are able to time the volatility, we expect to see negative significant coefficients for d.
No significant d was found when Equation (5) was estimated. That is, no volatility timing ability with regards to the relevant futures markets were detected for CTAs. However, the estimated value of in specification (4) turns out to be significantly negative, indicating volatility timing with respect to the
15
A lot of these trend-followers are actually CTAs.
Journal of Futures Markets DOI: 10.1002/fut equity market volatility. Based on this finding, we use the end-of-month VIX to identify CTAs' volatility timing ability. Chen and Liang (2007) examine combined timing ability for hedge funds and find evidence for both return and volatility timing. Following Busse (1999) , we use models (6), (7), and (8) to detect combined return and volatility timing for CTAs. Equation (6) is the TM model whereas Equations (7) and (8) where r p,tϩ1 is excess return on a CTA index, r j,tϩ1 represents excess return on a futures contract, and s m,tϩ1 is stock market volatility, measured by end-ofmonth VIX. If CTAs have both return and volatility timing ability, we expect to see positive significant coefficients for g and D, negative significant coefficients for d.
Combined return and volatility timing
EMPIRICAL RESULTS
Traditional Factors, PTFS Factors, and Futures Return-Based Factors
The results from regressing CTA indices against a single market factor, Fama-French factors, PTFS factors, and PTFS factors augmented with our futures-based factors are reported in Table II . We see that traditional factors are barely able to explain CTAs returns, whereas PTFS factors work well for systematic CTAs. However, even PTFS factors have difficulty explaining the returns on the discretionary CTA index, where the adjusted R 2 is 0.01. As shown in Fung and Hsieh (2001) , one cannot empirically distinguish between successful trend-followers and successful market timers. The return for a successful market timer resembles that from a standard straddle where
Journal of Futures Markets DOI: 10.1002/fut the timer enters the straddle based on his/her forecast. The return for a successful trend-follower resembles that from a look-back straddle where the trend-follower buys at the bottom and sells at the peak. As the length of holding period shrinks, the return from a standard straddle approaches that from a look-back straddle with the same terms. After the futures return-based factors are added to PTFS factors, the adjusted R 2 increases significantly from 0.01 to 0.18, especially for discretionary CTAs. Our results support two arguments: (a) supplementing PTFS factors with our futures return-based factors can improve model explanatory power and (b) even after controlling for trend-following ability, CTAs show certain market return and volatility timing ability.
Market Timing with Futures Return-Based Factors
HM model specification (II) provides an overall test of CTAs' market timing ability. The results are reported in Table III . As we noted in the previous section, specification (II) of HM assumes that managers can time the bestperforming markets in each category of futures markets; hence, with this specification we can come up with a parsimonious model without losing much explanatory power.
The timing coefficient estimates carry the expected signs for both discretionary and systematic CTA indices. The adjusted R 2 are 0.16 and 0.29, respectively. Both discretionary CTAs and systematic CTAs show ability in timing the best-performing markets among currency futures (represented by Euro, Note. This table shows the return timing results for each category of CTAs in their specialization markets using HM model specification (II), where managers are assumed to time the best-performing futures market(s); hence, the timing signal is max(max(F 1,tϩ1 , F 2,tϩ1 , . . .), 0). t-Statistics of the estimates are reported in brackets. DIS represents the equally weighted portfolio of all discretionary CTAs, and SYS represents the equally weighted portfolio of systematic CTAs, in each category. CUR, COM, FIN, STK represent currency, physicals, financials, and stock indices futures markets, respectively. D ( * ) are estimated coefficients for return timing ability in these markets under HM Model specification (II).
(1)
Journal of Futures Markets DOI: 10.1002/fut Japanese Yen, and British Pounds). Not only are the timing coefficients statistically significant, but their magnitudes are also of economic significance. Due to their ability to time the best-performing markets, on average CTAs were able to generate an extra return of 0.57% anytime there was a 1% change in any currency futures market. Table IV reports return timing results for CTA indices by category. Based on their self-reported classification, we have five different CTA indices covering currency, financial, commodity, stock index, and diversified. 16 We see that almost all market timing regressions have higher explanatory power for systematic CTAs than for discretionary CTAs. The difference in adjusted R 2 is actually significant except that for the diversified category.
Panel A reports timing coefficients estimated for the TM model and Panel B reports those for specification (I) of the HM model. Results reported here are consistent with previously reported findings. For example, systematic currency CTAs are found to have strong timing ability in Euro, Japanese Yen markets whereas discretionary ones are able to time the British Pound market. Diversified CTAs are found to be able to time Euro and Germany government bond futures markets. It is interesting to note that stock index CTAs actually possess negative return timing ability for FTSE and SP500. The HM specification (I) actually locates significant timing ability for discretionary diversified CTAs in Euro, British Pound, corn markets as well.
Another interesting finding in Panel A and Panel B is that CTAs identified with significant return timing ability (positive significant b) have negative significant abnormal performance (negative significant a). This is, consistent with the findings of Mamaysky, Spiegel, and Zhang (2008) and others of a negative relationship between a and b due to estimation process. This reflects the fact that after the portion of return explained by timing ability is accounted for, the leftover in performance is usually significantly negative. As we argue earlier, the negative a should not be interpreted as lack of security selection ability but as representing fees and other charges for market timers. Table V shows the abnormal performance (a) and volatility timing results from applying volatility timing model (4). Following Chen and Liang (2007) , we use the end-of-month implied volatility from VIX series as we previously reported that volatilities in individual futures markets do not seem to play a role in explaining CTA returns. Most CTAs, whether discretionary or systematic, exhibit significant volatility timing ability. At the aggregate level, the estimated 16 A stepwise regression is used to find effective factors for diversified CTAs to achieve parsimony. 
Combined Return Timing and Volatility Timing
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Journal of Futures Markets DOI: 10.1002/fut coefficients are negative for both discretionary and systematic CTAs, whereas it is highly significant for systematic CTAs. However, we notice that currency CTAs are an exception in that market volatility does not seem to play a role in affecting their returns, leaving a significant amount of unexplained performance in the intercept estimate (a). Table VI reports results from the combined return and volatility timing models (6), (7), (8). Based on the previous results, we pick the futures markets in which CTAs are found to be able to time to achieve parsimony. With this complete model, we see that the explanatory power improves at both aggregate level and categorical level. With the TM model, we find in Panel A that discretionary CTAs successfully time corn, German bond futures markets and that systematic CTAs successfully time Euro futures market and VIX. The futures returnbased models perform well for discretionary diversified CTAs, which are found to time Euro markets successfully. Systematic diversified CTAs, on the other hand, time Euro, corn, Germany Bunds futures markets, and VIX successfully. Panel B 
TABLE VI
Combine Return and Volatility Timing
All CTAs Note. This table shows the combined return and volatility timing results for TM model, HM model specification (I) and (II) in Equations (6)- (8). t-Statistics of the estimates are reported in brackets. DIS represents the equally weighted portfolio of all discretionary CTAs, and SYS represents the equally weighted portfolio of systematic CTAs, in each category. Euro, JPY, IBP, corn, T-bond, Ger, Eurodollar, gold, copper, gas, oil, FTSE, NIKKEI, SP are Euro, Japanese Yen, British Pound, corn, U.S. T-bond, German government bond, Eurodollar, gold, copper, natural gas, crude oil, FTSE 100, NIKKEI 225, and S&P 500 futures markets for TM model and HM specification (I). CUR, COM, FIN, and STK are currency, commodity, bond/interest rate, and stock index futures markets. VIX is the end-of-month implied volatility from CBOE VIX series. g shows results from the HM model specification (I); the results are similar to those from the TM model. From Table VI we notice that the stock index CTAs seem to behave differently from the other CTAs, where they present negative timing ability as well as positive significant abnormal performance.
To examine the robustness of our results, we also use a 36-month window rolling regression to estimate return and volatility timing coefficients for our CTA categorical indices to examine the time variation of timing coefficients. The results are plotted in Figure 3 together with the t-statistics of those coefficients. Consistent with our full-period regression, CTAs show both return and volatility timing ability during January 1994 and December 2004. This is most pronounced for currency, financial, and commodity CTAs, whereas stock index CTAs is the only group that seems to present negative return timing.
ROBUSTNESS
Our findings so far point to positive market return and volatility timing ability in most CTA managers. However, multiple reasons can lead to finding pseudotiming in a sample. First, illiquid asset holdings are likely to lead to pseudo-timing. Second, as suggested by Jagannathan and Korajczyk (1986) , option payoffs have a convex relationship with the market return, which may be interpreted as timing ability when there is none if the fund manager has positive positions in options. Third, as pointed out by Ferson and Schadt (1996) , Christopherson, Ferson, and Glassman (1998) , not considering public information in performance evaluation may lead to pseudo-timing as well. Finally, as Goetzmann et al. (2000) and Ferson and Khang (2002) state, the high frequency at which a fund manager trades combined with the low frequency at which the returns are reported may also lead to spurious results that the manager possesses market timing ability.
We carry out robustness checks to address the above concerns. As CTAs trade mainly liquid futures contracts, the concern regarding liquidity is not likely to affect our study. To address the second concern, we exclude CTAs that trade options from our sample and run the same analysis to see whether they exhibit timing ability to address the option-trading concern. For the third concern, because we have little evidence in the literature about public information's predictability to various futures markets and we desire to keep parsimonious regression models, we employ unconditional market timing models in this study and leave for future research the effect of public information on inference of CTAs' market timing ability. As we do not have higher frequency return data, we cannot address the last concern. Table VII reports database that they do not trade options. We run the timing test on the equally weighted average index of all these 740 CTAs based on TM and HM specifications. The explanatory power is reasonable, taking into consideration the poor explanatory power from traditional factors. We again find significant return and volatility timing ability for this group. Currency markets stay the most popular area for CTAs that exhibit return timing ability. Hence, our concern about pseudo-timing due to option trading is alleviated to a large extent.
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To check the robustness of our results further, we investigate the timing ability at individual fund level. We report a number of significant timing abilities for individual CTAs. The results are reported in Table VIII for CTA categories that are identified to exhibit significant timing ability at index level only, including currency CTAs, financial CTAs, and diversified CTAs. To have a reasonably long time series for timing test against multiple factors, we require each individual CTA to have at least 36 months of return history. This restriction reduces the number of qualified funds: The number of currency CTAs is reduced from 44 to 32, that of financial CTAs is reduced from 154 to 113, and that of diversified CTAs is reduced from 452 to 337. We observe that the timing ability in different markets (currency CTAs to currency futures markets, financial CTAs to currency and bond/interest rate futures markets, diversified CTAs to all the futures markets) are significant for more than half of the individual CTAs. We further observe that if a CTA does exhibit significant timing ability, it is highly probable that (Ͼ95%) that he/she displays positive market It has been widely documented that the attrition rate for hedge funds and CTAs is quite high-up to 20% based on counting of funds that drop out of databases (e.g., see Fung & Hiseh. 2000; Liang,1999 for more details). As pointed out by Baquero et al. (2005) even when data on defunct hedge funds are used to study performance persistence, the reported results may still be susceptible to look-ahead bias. Note that the impact of look-ahead bias is not likely to be as severe on our results because we do not need to look ahead in testing for the presence of market timing skill. Further, CTAs invest in very liquid instruments and therefore the average length of redemption notice period for a typical CTA is smaller than that of a typical hedge fund, and CTAs are not expected to suffer significant negative returns during liquidation process.
17 Nevertheless, in order to address the concern that survivorship bias may still generate misleading results for CTA timing ability, we apply the adjustment procedure proposed in Baquero et al. (2005) and report the results in Table IX . Though the results are somewhat weaker, our findings with regard to CTAs' market timing ability when the adjusted return series are used is consistent with our findings when the raw returns are used. With respect to both upward survivorship bias and downward bias from labeling all defunct funds as real failed ones, we suggest that the real market timing ability of CTAs may fall somewhere between the results reported in Tables III-V  and Table IX .
CONCLUSION
This study makes several contributions to the literature of CTA performance. It is the first study to examine the return and volatility timing ability for CTAs as a separate group. Second, with risk factors based on returns from the most heavily traded futures contracts, we are able to present multi-factor models with increased explanatory power in order to test for the presence of market timing ability. Third, using the multi-market model of market timing, we are able to estimate market timing ability of CTAs in markets that are focus of their trading strategies. Fourth, we show that discretionary CTAs behave differently from systematic CTAs, having higher a (measuring selection ability) and less 17 Kazemi and Li (2006) and Liang and Park (2008) argue that the real failure rate for hedge funds is much lower than the attrition rate employed by Baquero et al. (2005) . The reason is that a large percentage of the so-called defunct funds may stop reporting to a database for reasons other than liquidation. 
